Similarity searching, the activity of an unknown compound (target) is predicted through the comparison of an unknown compound with a set of known activities of compounds. The known activities of the most similar compounds are assigned to the unknown compound. Different machine learning methods and Multilevel Neighborhoods of Atoms (MNA) structure descriptors have been applied for the activities prediction. In this paper, we introduced a new activity prediction model with Shape-Based Descriptor Method (SBDM) .Experimental results show that SBDM-MNA provides a useful method of using the prior knowledge of target class information (active and inactive compounds) of predicting the activity of orphan compounds. To validate our method, we have applied the SBDM-MNA to different established data sets from literature and compare its performance with the classical MNA descriptor for activity prediction.
INTRODUCTION
Due to the similar property principle [1] , structurally similar compounds are predicted to exhibit similar properties and biological activities. This principle is exploited for discovery of new drugs with the emergence of an activity prediction technology based on chemical structures. A variety of computational approaches for activity prediction or target has been published over the past several years. For example, Quantitative structure activity relationship (QSAR) [2] - [6] was established on the hypothesis that compounds with similar physicochemical properties and/or structure share similar activities. The effectiveness of the QSAR analysis relies both on selecting the relevant descriptors for modeling the biological activity of interest and on the choice of a good quantitative model that maps the compound descriptors to chemical property or biological activity by means of statistical techniques [3] , [4] .
In similarity searching strategy, an unknown compound (target) is compared to a set of compounds with known activities. The known activities of the most similar compounds are assigned to the unknown compound. Despite the fact that the target prediction approaches exhibit several successes but some issues still need to be addressed. In many studies, different approaches predict different subset of targets for the same compound [7] - [12] .
Some of the popular machine learning methods that have been applied for activity prediction (target) by compound classification are the Binary Kernel Discrimination (BKD) [13] , [14] , Naıvë Bayesian Classifier (NBC) [15] , Artificial Neural Networks (ANN) [16] - [18] and the Support Vector Machine (SVM) [19] - [21] . Recently, the Bayesian belief network classifier is used for ligand-based target or activity prediction [22] .
In [23] , [24] , the Multilevel Neighborhoods of Atoms (MNA) structure descriptors were used for prediction.
The MNA of a molecule was generated on the basis of connection table and table of atom types representing the compound. Each particular descriptor has a unique integer number according to the dictionary of the descriptors. The similarity between two molecules is calculated using Tanimoto coefficient and the activity of the unknown molecule is predicted by the activity of the most similar molecule.
Previously, Hentabli et al. [25] - [27] developeda new molecular descriptor, Language for Writing Descriptors of Outline Shape of Molecules (LWDOSM) and shape based molecular descriptor (SBDM), that have been inspired by researchers in information retrieval on the use of contour based shape descriptor for image retrieval systems [28] . Shapebased molecular descriptor is a new method used for obtaining the rough description of 2D molecule structure from the 2D outline shape of its 2D diagram. The mentioned descriptor is a textual descriptor that allows rigorous structure specification via a very small and natural grammar. Experiments in ligand-based virtual screening method used SBDM for similarity searching. Experiments with a subset of the MDDR database demonstrated that the SBDM provided an interesting alternative to existing tools for ligandbased virtual screening. It substantially outperformed a conventional Tanimoto-based similarity searching system when the active molecules have a high degree of structural homogeneity. In this paper,we introduce a new tool for activity prediction model using SBDM and MNA. The SBDM-MNA provides a useful method of using the prior knowledge of target class information (active and inactive compounds) to predict the activity of orphan compounds. To validate our method, we applied this SBDM-MNA on different established data sets from literatures and compare its performance with the classical MNA descriptor for activity prediction.
MATERIALS AND METHODS
The new descriptor SBDM [25] , [26] is a textual descriptor that uses printable characters to represent molecules based on their shapes. The outline shape (for the whole molecule) and the internal region (inside molecule rings) are exploited to calculate a rough description of the 2-D structure molecule. The proposed method uses a connection table to extract the information needed to represent the molecule shape. A specific language has been developed to describe the shape features; descriptors written in this language are invariants to scale change and rotation. SBDM is a true language, albeit with a simple vocabulary (atom and bond symbols) and few grammar rules. However, part of the power of the SBDM is that it is highly sensitive to molecular structure changes.
Multilevel Neighborhoods of Atoms (MNA)
MNA structure descriptors of molecules [23] are generated on the basis of connection table and atom types expressive the compound. Connection table contains data on the covalent bonds in a molecule. Various bond types are not specified (topological approximation). All hydrogen based on valences and partial charges of atoms are taken into account. Atom types are specified according to the data presented in Table 1 . The structure of the molecule is represented as the set of MNA descriptors calculated iteratively. The Zero-level's descriptor is presented by the type of atom according to Table 1 and special dash label if the atom is not included into the cycle. If the atom is included in the cycle, the dash label is absent. The descriptor of the first level includes the atom's zerolevel descriptor of its neighboring atoms, sorted lexicographically. This process is continued iteratively covering 2nd, 3rd and nth neighborhood of the atoms.
Examples of structure presentation by zero, first and second levels MNA descriptors for the phenol's molecule are shown in Figure 1 .
A set of MNA descriptors for a molecule are generated recursively: 1-The zero-level descriptor is presented by the type of atom. A special mark, "-", is added to the descriptor of zero level if the atom is not included in the cycle as show in Figure 1 . 
Prediction using MNA
Generally, at some point in the iteration process, the classical MNA descriptor may cover the molecule completely. However, the experiments show that the utilization of MNA descriptors of the first and second levels give best accuracy for property prediction [23] . Such MNA descriptors are generated for each structure from the data set. Each particular descriptor has a unique integer number according to the descriptors' dictionary.
Calculation of Similarity using MNA
In [23] they modified the Tanimoto coefficient to take into account the different frequencies of descriptors. The similarity between two molecules, A and B, is given by where A(i) and B(i) are the counts of different frequencies of descriptor in the molecules A and B, respectively, and M is the total number of various descriptors in the dictionary.
SBDM-MNA
The main idea of the work proposed in this paper is to apply a new hybrid method for biological activities prediction between the Multilevel Neighborhoods of Atoms (MNA) algorithm and the shape based molecular descriptor (SBDM). The process of generating SBDM-MNA of any molecule first starts with applying the MNA first level to decompose the molecule in atoms and their neighboring atoms and then to apply the SBDM descriptor for describing each part from the whole molecule based on the rule of SBDM descriptor as illustrated in Figure 3 . For each atom extracted using the previous step, we apply the SBDM descriptor to determine the center atom in the part of molecule graph. Then we move in a clockwise direction to the next atom. The bond type and direction of the movement are represented before we visit and represent the next atom. This procedure is repeated until the initial atom is revisited. Once the starting atom is revisited, then the description of the outline shape of the molecule graph is completed as presented in s Figure 4 . However, the process of generating the SBDM is composed of a number of specification rules explained next. The language used for writing the SBDM descriptor consists of a series of characters and symbols. There are three generic encoding rules corresponding to the specification of atoms, bonds and direction angle. Some of these rules are similar to the rules used in SMILES strings [26] Atoms are represented by their atomic symbols, usually two characters. The second character of the atomic symbol must be entered in lower case. For atomic symbols with just one letter, we add a blank space at the end of each atomic symbol, e.g., "Br", "C1","N "and "O". The single, double, and triple bonds are represented by the symbols "-", "=", and "#", respectively.
The direction of angle of the molecule shape boundary can be calculated using four directions ranging between 0 and 3 based on the value of the angle, as shown in Table 2 . Figure 2 as show in next Table 3 . 
Data Sets
We evaluate the quality of our prediction model on different datasets that have been used to validate the classification of molecules based on structureactivity relationship. The three data sets described in Table 4 are taken from [9] , [11] literature with compounds classified as active or inactive: cyclooxygenase inhibitors, ligands of the benzodiazepine receptor and ligands of the estrogen receptor (ER). These data sets have been used by literatures for validating prediction models [22] , [25] , [29] . The last two data sets (Tables 5-6 ) are taken from [30] and extensively used by many previous studies to validate ligand-based virtual screening approaches [22] , [25] - [27] , [29] , [31] , [32] . The data sets MDDR1 and MDDR2 contain 10 each for the homogeneous activity classes and heterogeneous ones. Tables 4-6 contains activity class, number of molecules/peptides belong to the class, and diversityof classes, which is computed as the mean pair wise Tanimoto similarity calculated across all pairs of molecules/peptides inthe class using ECFC4 (extended connectivity) The third data set, (MUV) as shown in Table 7 , was reported by Rohrer and Baumann [15] . This data set contains 17 activity classes, with each class containing up to 30 actives and 15,000 inactive. The diversity of the class for this dataset shows that it contains high diversity or more heterogeneous activity classes.
Evaluation Measures
Ten-fold cross-validation was used to validate the results of SBDM-MNA and the SBDM and MNA. In this cross-validation, the data set was split into 10 parts; 9 were used for training and the remaining 1 for testing. This process was repeated 10 times; so all the compounds were used in the test set once. Thus, each activity class was tested against all the others. As in the case of other prediction methods, we used the area under the receiver operating characteristic curve (AUC) as quality criterion to quantify the performance of classification algorithms. The AUC is given as:
Where sens and spec are the sensitivity and specificity respectively, and given as:
Where tp, tn, fp and fn are numbers of true positives, true negatives, false positives, and false negatives, respectively. Where tp represents the number of active molecules selected in the active set and tn is the number of inactive molecules selected in an inactive set. While fp and fn represent the number of active molecules selected in inactive set and the number of inactive molecules selected in an active set respectively. An curve describes the trade-off between sensitivity and specificity, where the sensitivity and specificity are defined as the effectiveness of a model to identify positive and negative labels, respectively. The area under the curve (AUC) is a measure of the model performance: the closer to 1 the value is, the better the performance of the prediction.
We also used an accuracy (ACC) measurement to quantify the performance of the classification models. Accuracy is the overall effectiveness of the model and is calculated as the sum of correct classifications divided by the total number of classifications. This is shown in equation (5) as,
ACC=((tp+tn))/((tp+tn+fp+fn) )

RESULTS AND DISCUSSION
The Shape-Based Descriptor Method (SBDM) was introduced in this study as a new activity prediction approach for unknown compounds. In order to evaluate SBDM's performance, this new approach was compared with classical MNA on four different datasets. The prediction accuracy as well as the AUC of the prediction models on MDDR1, MDDR2, MUV and the different Dataset are demonstrated in tables' number 8, 9, 10 and 11 respectively. The results of the first dataset MDDR1 are presented in Table 8 . These results show that the SBDM offered the highest sensitivity, specificity, AUC, and accuracy values compared to the classical MNA. However, the performance of SBDM was retreated in three activity classes from this dataset (renin inhibitors, Cephalosporins and carbacephems). The good performance of SBDM approach was not restricted to the first data set since this activity prediction model also perform best for the MDDR2 data sets (Table 7) . The results in Table 9 showed that SBDM produced the best performance across seven activity classes in the MDDR2 data set. Nonetheless the performance of SBDM was not satisfying in 3 classes (nitric oxide synthase inhibitors, dopamine hydroxylase inhibitors and cyclooxygenase inhibitors). Since MDDR2 dataset is highly diverse than the previous dataset, the performance of SBDM is considered outstanding.
Despite the fact that MUV dataset includes the most heterogeneous activity classes compared to the previously mentioned datasets (MDDR1 and MDDR2), SBDM's prediction results were more convenient and applicable than the MNA results which proved the effectiveness of this new prediction method. Additionally, the results presented in table 10 of the different datasets revealed that the SBDM offered the highest AUC, and accuracy values compared to the classical MNA confirming the fact that SBDM is considered as an interesting and promising method for activity prediction.
It was clearly illustrated in Tables 8-11 and in the last row of each table that present the mean of each colonne, the efficiency of SBDM as new prediction method is clearly illustrated in Tables 8-11 . While the classical MNA only deals with the short paths in detecting compounds, SBDM's developed features allows it to deal with longer paths along with identifying the bonds types of the molecule and calculating the divergence's angle. SBDM prediction results revealed that it depends on the activity classes of the datasets whether they are highly diverse or not.Thus, it is still important to develop better prediction methods for high diversity activity classes. Therefore, SBDM is presented as a convenient new activity prediction method for target compounds.
CONCLUSIONS
The main aim of this study is to introduce the ShapeBased Descriptor Method (SBDM) as a new activity prediction approach for the unknown compounds. To test and prove the efficiency of SBDM, it is applied to different dataset and its performance is compared with classical MNA. The results of the experiments revealed that SBDM provides interesting prediction rates with short time calculation for activity prediction. These results also indicate that SBDM is particularly effective for homogeneous datasets rather than structurally heterogeneous ones. Thus, SBDM is presented as a convenient new activity prediction method for target compounds. However, the area the area is still open to develop better prediction methods for high diversity activity classes.
